To identify countries that have seasonal patterns similar to the time series of influenza 18 surveillance data in the United States and other countries, and to forecast the 2018-2019 19 seasonal influenza outbreak in the U.S. using linear regression, auto regressive integrated 20 moving average, and deep learning. We collected the surveillance data of 164 countries from 21 2010 to 2018 using the FluNet database. Data for influenza-like illness (ILI) in the U.S. were 22 collected from the Fluview database. This cross-correlation study identified the time lag 23 between the two time-series. Deep learning was performed to forecast ILI, total influenza, A, 24 and B viruses after 26 weeks in the U.S. The seasonal influenza patterns in Australia and Chile 25
Introduction and the death rate, or save resources in epidemic situations expected to diminish on their own Statistical analysis 96 All surveillance data were normalized by country, and each value was changed into a 97 range of variables from "0" to "1" using the following equation: {Z i = [x i -min (x)]/[max (x) -98 min (x)]}, x i was the value of i th weeks for each country. In two time periods, cross-correlations 99 were analyzed using Pearson's correlation, with a time-lag range of ± 30 weeks. Cross-100 correlation allows the time lag between two time series to be identified [13] . If the blue 101 waveform of the reference country correlates with the green waveform of country A with a 102 time lag of -2 weeks, the peak or onset of the reference country can be identified as occurring with TensorFlow (version 1.8.0) backend. The scikit-learn library (http://scikitlearn.org/) was 138 used for data management and preprocessing. In this study, we used a three-layer DNN network 139 with a 10% dropout rate for the overfitting problem. The models were optimized using the 140 Adam optimizer with a loss function of mean squared error. Neuron activation functions were 141 rectified linear units for the second layer. We selected 100 epochs and one batch size for the 142 DNN model.
143
Prediction models of LR were calculated to forecast influenza surveillance after 26 weeks Validation for the prediction model 153 The coefficient of determination, R 2 , is the proportion of the variance in the dependent 154 variable that is predictable from the independent variables. The best possible score is 1.0, and it can be negative (because the model can be arbitrarily worse). Root-mean-square error 156 (RMSE) was calculated using real values and predicted values for influenza activities in the 157 validation set from the 41 th week in 2015 to 14 th week in 2019. The onset of influenza weeks 158 for ILI is defined as the weighted percentage that exceeds the national baseline [19]. The peak 159 amplitude and the peak timing are defined as the maximum value and that week in seasonal 160 influenza week. France, and Australia [22] . In their study, France and the U.S. had a high correlation for 298 influenza epidemics, but there was no significant correlation between the U.S. and Australia.
299
In the scenario in which the influenza season in Australia was systematically six months in 300 advance of that in the Northern Hemisphere, the median time lag between the peaks in Australia 
